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(57) ABSTRACT 

The present invention comprises using error propagation for 
building feature spaces With variable uncertainty and using 
variable-bandwidth mean shift for the analysis of such 
spaces, to provide peak detection and space partitioning. The 
invention applies these techniques to construct and analyze 
Hough spaces for line and geometrical shape detection, as 
Well as to detect objects that are represented by peaks in the 
Hough space. This invention can be further used for back 
ground modeling by taking into account the uncertainty of 
the transformed image color and uncertainty of the motion 
?oW. Furthermore, the invention can be used to segment 
video data in invariant spaces, by propagating the uncer 
tainty from the original space and using the variable-band 
Width mean shift to detect peaks. The invention can be used 
in a variety of applications such as medical, surveillance, 

6, 2002. monitoring, automotive, augmented reality, and inspection. 
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302 

Hough accumulator (with error propagation) associated with an image 

FIG. 3 
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Extracted lines (corresponding to local maxima of the Hough accumulator) 

FIG. 6 
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ERROR PROPOGATION AND 
VARIABLE-BANDWIDTH MEAN SHIFT FOR 

FEATURE SPACE ANALYSIS 

CROSS REFERENCE TO RELATED 
APPLICATION 

[0001] This application claims the bene?t of US. Provi 
sional Application Serial No. 60/362,015 ?led on Mar. 6, 
2002, Which is incorporated by reference herein in its 
entirety. 

FIELD OF THE INVENTION 

[0002] This invention relates to variable-bandWidth peak 
detection in Hough space used for the detection of lines and 
geometrical shapes in video occurring in a variety of appli 
cation domains, such as medical, automotive, inspection, 
and augmented reality. It further relates to error-propagation 
for uncertainty modeling in joint motion-color space for 
modeling of dynamic backgrounds in a variety of applica 
tion domains, such as surveillance and monitoring. Further 
more, the invention relates to variable-bandWidth peak 
detection in joint color-spatial domains used for video 
segmentation occurring in various application domains, such 
as medical and object detection. 

BACKGROUND OF THE INVENTION 

[0003] Background Modeling forms a central module in 
systems using Computer Vision to detect events of interest 
in a video stream. Most current methods use only the 
intensity observed at a pixel. Such a model is reasonable 
When the background is stationary. HoWever, these methods 
deteriorate in their discrimination poWer When the back 
ground is dynamic. Examples of these include ocean Waves, 
Waving trees, rain, moving clouds, and camou?aged objects 
that are camou?aged such that they are of similar color as 
the background of the object. 

[0004] A Hough Transform is a method for detecting 
straight lines and curves on gray level images. For line 
detection, the equation of a line can be expressed as 
p=xcos(0)+ysin(0), Where 0 and p are the line orientation 
and the line distance from origin to the line, respectively. A 
line is therefore, completely speci?ed by a parameter pair 
(0,p). For straight line detection, the Hough Transform maps 
each pixel (X, ) from the image space into a parameter space 
of (0,p), Where contributions from each feature point to each 
possible set of (0,p), Which are accrued. For this purpose, the 
parameter space is divided into cells With each cell corre 
sponding to a pair of quantiZed (0,p). A multi-dimensional 
accumulator array is often used to represent the quantiZed 
space. For each feature point, all the parameters associated 
With the point are estimated, the corresponding cells of the 
accumulator are incremented accordingly. This is repeated 
for all feature points. Lines are found by searching the 
accumulator array for peaks. The peaks correspond to the 
parameters of the most likely lines. 

[0005] The standard Hough Transform adopts a “top hat” 
strategy to compute the contribution of each point to a 
hypothesiZed line. Speci?cally, the scheme assumes all 
feature points located Within a close range of the hypoth 
esiZed line contribute equally to the line. The accumulator is, 
therefore, incremented by a unit for those feature points. 
This scheme is inadequate in that data points are not all 
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equally reliable. This means that line parameters derived 
from each feature point may carry different uncertainties due 
to the folloWing reasons. Most Hough Transform techniques 
employ certain techniques for estimating the orientation of 
feature points (edgels) to restrict the ranges of values of 0 a 
pixel may vote for. The estimation of the orientation of each 
edge pixel is often uncertain due to: 1) image noise, for 
example, positional errors from quantiZation and sensor 
errors, 2) small neighborhood associated With the edge 
detection procedure and the inherent uncertainty With the 
procedure, and 3) the paramteric representation used to 
de?ne a line. Therefore, feature points vary in uncertainties 
and should not be treated equally. 

[0006] Previous efforts in algorithm improvement to 
Hough Transforms focused on improving the computational 
ef?ciency of the Hough Transform, that is, speed and 
memory. Early efforts in this aspect concentrated on reduc 
ing the number of bins used for tessellating the parameter 
space. Many proposed techniques dreW on some form of 
coarse-to-?ne search strategy resulting in a dramatic reduc 
tion of cells. 

[0007] Recent efforts have been focusing on sampling the 
feature points. The idea is to use only a subset of image 
features. These efforts give rise to different probabilistic, 
also called randomiZed, Hough Transform techniques Which 
increase the computational ef?ciency and decrease memory 
usage by means of sampling the image feature space. 

[0008] Therefore, a need exists for a uni?ed frameWork 
that utiliZes the uncertainty of transformed data for peak 
detection and clustering in feature space. A further need 
exists for a method for background modeling that is able to 
account for dynamic backgrounds that change according to 
a certain pattern. Astill further need exists to analyZe Hough 
Transforms that are built With uncertainty and a need exists 
for video segmentation in invariant color spaces. 

SUMMARY OF THE INVENTION 

[0009] An embodiment of the present invention comprises 
using error propagation for building feature spaces With 
variable uncertainty and using variable-bandWidth mean 
shift for the analysis of such spaces, to provide peak 
detection and space partitioning. The invention applies these 
techniques to construct and analyZe Hough spaces for line 
and geometrical shape detection, as Well as to detect objects 
that are represented by peaks in the Hough space. This 
invention can be further used for background modeling by 
taking into account the uncertainty of the transformed image 
color and uncertainty of the motion ?oW, to be used in 
application domains, such as surveillance and monitoring. 
Furthermore, the invention can be used to segment video 
data in invariant spaces, by propagating the uncertainty from 
the original space and using the variable-bandWidth mean 
shift to detect peaks. 

[0010] An embodiment of the present invention comprises 
providing input data to be analyZed from a domain, devel 
oping an uncertainty model of the input data in a feature 
space, and using variable bandWidth mean shift to detect an 
object of interest. 

[0011] Another embodiment of the present invention 
includes deriving the uncertainty model through error propa 
gation. 
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[0012] A further embodiment of the present invention 
comprises feature space including joint spatial-color space. 

[0013] A further embodiment of the present invention 
comprises feature space including invariant space. 

[0014] A further embodiment of the present invention 
comprises feature space including parameter space. 

[0015] A further embodiment of the present invention 
comprises feature space including joint motion-color space. 

[0016] A further embodiment of the present invention 
comprises domains including one or more of medical, sur 
veillance, monitoring, automotive, inspection, and aug 
mented reality. 

[0017] Another embodiment of the present invention com 
prises modeling a background using multiple features and 
uncertainties. 

[0018] Another embodiment of the present invention com 
prises modeling a background using multiple features and 
uncertainties Wherein the multiple features include one or 
more of color, texture, and motion. 

[0019] A further embodiment of the present invention 
comprises analyZing a video frame and adding a vector of 
features to a background model. 

[0020] A further embodiment of the present invention 
comprises analyZing a video frame and detecting a change 
by evaluating a vector of features and a background model. 

[0021] Astill further embodiment of the present invention 
comprises applying morphological operations to the detec 
tions. 

[0022] The embodiments of the present invention Will 
become more apparent from the folloWing detailed descrip 
tion of illustrative embodiments thereof, Which is to be read 
in connection With the accompanying draWings. 

BRIEF DESCRIPTION OF THE DRAWINGS 

[0023] FIG. 1 illustrates a functional block diagram 
according to an embodiment of the present invention. 

[0024] FIG. 2 is a How diagram illustrating a method 
using variable bandWidth mean shift according to an 
embodiment of the present invention. 

[0025] FIG. 3 depicts a Hough accumulator With error 
propagation. 

[0026] 
[0027] FIG. 5 illustrates a graph of an edge point. 

[0028] FIG. 6 illustrates extracted lines corresponding to 
local maxima of the Hough Accumulator. 

[0029] FIG. 7 is a How diagram of a method according to 
an embodiment of the present invention. 

FIG. 4 depicts an input image for edge detection. 

DETAILED DESCRIPTION OF PREFERRED 
EMBODIMENTS 

[0030] Referring to FIG. 1 a computer system 102 having 
a hardWare component 104, for example, a server and 
storage device, and softWare component 106, for example, 
an operating system and computer programs, according to 
an embodiment of the present invention receives input of an 
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uncertainty model of transformed data 108, variable band 
Width shift mean 110, and an image 112 that is to be 
segmented. Peaks of feature space are used to detect lines 
and objects 114. Valleys surrounding the density modes for 
delineating image segments are used to delineate image 
segments 116. The peaks of feature spaces are used to model 
a background 118 of image 112. 

[0031] A method according to an embodiment of the 
present invention comprises using error propagation to build 
feature spaces, analyZing feature spaces that are built With 
uncertainty using variable-bandWidth mean shift to provide 
pixels and clustering of the feature spaces. Variable band 
Width mean shift identi?es modes in joint spatial color 
space, While image segments are delineated by detecting 
valleys surrounding the modes. The main statistical tool that 
can utiliZe the variable uncertainty is variable-bandWidth 
mean shift, an adaptive estimator of density gradient. This 
technique is applied to detect high density points, that is, 
modes, in the feature space. The feature space can be the 
Hough space, the joint motion-color space, or the joint 
image-color space. 

[0032] Referring to FIG. 2, a method according to an 
embodiment of the present invention comprises analysis of 
feature space of input data by developing an uncertainty 
model of transformed data Wherein the uncertainty model is 
used to build a feature space to be analyZed by applying 
variable bandWidth mean shift. By applying variable band 
Width mean shift to a feature space, peaks in feature space 
can be used to model a background of an image (step 208) 
and to detect lines and shapes (step 210). Additionally, 
applying variable bandWidth mean shift alloWs clustering of 
feature space to segment video data (step 212). To apply 
variable bandWidth mean shift to feature space, an uncer 
tainty model of transformed data has to be developed (step 
202). The uncertainty model of step 202 is then used to build 
a feature space (step 204) that Will be analyZed by using 
variable bandWidth mean shift (step 206). 

[0033] Using variable bandWidth mean shift to analyZe 
feature space (step 206) can be described by beginning With 
a set of d-dimensional points, xi, i=1 . . . n, that exists in 

space Rd and a symmetric positive de?nite d><d bandWidth 
matrix Hi that is de?ned for each data point xi. The matrix 
Hi quanti?es the uncertainty associated With xi. The sample 
point density estimator With d-variate normal kernel, com 
puted at the point x is given by 

[0034] is the Mahalanobis distance from x to xi. Hh is the 
data-Weighted harmonic mean of the bandWidth matrices 
computed at x 

H? (x) = Z wiwHil. 
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[0035] Where the Weights 

1 1 2 WCXP[—ZD (16,961,110) 

[0036] satisfy 

iwt-(x) : 1. 
1:1 

[0037] An estimator of the gradient of the true density is 
the gradient of fV 

n 

ex —lD2 - H p 2 (ma, 1) 

[0038] By multiplying the above to the left With Hh(x), it 
results that Hh(x)vfv(x)=f(x)mv(x), 

[0039] Where 

mm) 5 1111102 w.- <x>Hilxi — x 
[:1 

[0040] is the variable-bandWidth mean shift vector. From 

the above, 

v 121x) 
A a mv(X) E H1106) 
v 

[0041] Which shoWs that the variable-bandWidth mean 
shift vector is an adaptive estimator of the normaliZed 
gradient of the underlying density. 

[0042] If the bandWidth matrices Hi are all equal to a ?xed 
matrix H, called analysis bandWidth, the sample point esti 
mator reduces to the simple multivariate density estimator 
With normal kernel 
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[0043] Then 

f (X) 

[0044] Where 

n 1 2 

Z XieXP(— 5D (16,961,110) 
1:1 

[0045] is the ?xed-bandwidth mean shift vector. 

[0046] A mode seeking algorithm can be derived by 
iteratively computing the ?xed- or variable-bandWidth mean 
shift vector. The partition of the feature space is obtained by 
grouping together all the data points that converged to the 
same mode. 

[0047] Step 202 includes developing an uncertainty model 
of data. Location dependent uncertainty, such as, covariance 
matrices, in invariant space Will noW be described. For a 
given location (x,y) in the image, denote R(x, ), G(x, ), B( 
x,y) the observed color data. Assume that R, G, and B are 
normal With mean R, G, and B, and identical standard 
deviation 0. To derive uncertainties in normaliZed color 
space, certain computations can be utiliZed. 

[0048] The illumination prior assumption is that a scene 
contains multiple light sources With the same spectral dis 
tribution With no constraint on individual intensities. An 
invariant representation of color data is obtained through the 
transformation TzR3QR2 Which normaliZes R and G by 
S=R+G+B 

[0049] In Step 204 a feature space is built using the 
uncertainty of data described above. Due to the nonlinear 
character of the transformation T(.), uncertainties in the 
normaliZed estimates r and g are dependent not only on 
sensor noise variance, but also on actual true unknown 
values of the underlying samples. Based on the assumption 
of a moderate signal to noise ratio, such as o<<S, (r,g)T can 
be approximated as normal distributed With pixel-dependent 
covariance matrix 
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[0050] Where 

[0051] In normalized space the covariance matrix for each 
pixel is different: darker regions in the RGB image, that is 
variable small S, correspond to regions With high variance in 
a normaliZed image. 

[0052] A similar technique can be used to compute optical 
How and motion vectors With their associated uncertainties. 
Preferably the present invention employs optical How and 
motion vector techniques described in Bayesian Multi-scale 
Di?erential Optical Flow, E. P. Simoncelli, Handbook of 
Computer Vision and Applications (1999), Vol. 2; Chapter 
14; pages 397-422, Which is incorporated by reference 
herein in its entirety. 

[0053] To model a background (step 208), detect lines and 
shapes (step 210), and segment video data (step 212), a 
Hough Transform can be used. A Hough Transform is a 
technique to represent geometrical structures by voting. The 
main idea is that a change in representation converts a point 
grouping problem into a peak detection problem. When 
detecting lines, every point “votes for” any line it might 
belong to. In discretiZed line parameter space, each bucket 
represents a particular line. The bucket contains the number 
of edges that support that line segment. Large buckets in 
Hough space correspond to lines in point space. The original 
Hough approach does not take into account any possible 
uncertainty in the positions and orientations of the points 
voting for possible lines. A variant of the Hough Transform 
can be described Where the votes of points for lines are a 
function of the uncertainty in the positions and orientations 
of those points. 

[0054] FIG. 3 illustrates Hough accumulators With error 
propagation associated With an input image, such as input 
image 402 as shoWn in FIG. 4. The Hough accumulators 
With error propagation results are shoWn as lines 302 that 
correspond to attributes of the input image 402. The Hough 
Transform proceeds by applying edge detection I(X, y) to the 
input image 402. This can be done using a number of 
different ?lters, such as, PreWitt, Sobel, and Canny. The 
outputs of the edge detection are a list of edge points (Xi, yi) 
i=1 . . . N, the magnitude of the gradient as measured at each 
edge point ||g(Xi, yi)||, and the orientation of the gradient at 
the edge points Hi. The uncertainty associated With the 
outputs of the edge detection can be estimated by error 
propagation. The uncertainty associated With the coordinates 
of an edge point (Xi, yi) is noted op=oX=oy. Assuming that 
the uncertainty is the same in X and y and that X and y are 
uncorrelated. When image noise is small, op is generally 
dominated by discretiZation errors due to image resolution, 
for eXample op=0.5 piXel. 

[0055] The uncertainty of the orientation of the gradient at 
point (Xi,yi) is noted ok. Most often, edge detection is 
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performed by: (1) smoothing and differentiating the image 
along X and y using linear ?lters, (2) estimating the norm of 
the gradient 

[0056] (3) eXtracting the local maXima of the norm of the 
gradient in the image, Which are edge points, and (4) 
estimating the orientation 0=arctan 

[0057] In a ?rst approXimation, it can be considered that 
non-maXima suppression has no in?uence on the variance of 
0 and in?uences only the miss and false positive rates of 
edge detection. If image smoothing and differentiation is 
performed by a linear ?lter W, it can be shoWn that 

[0058] Where 02 is the variance of the image intensity and 
CW is a constant related to the coef?cients of the linear ?lter 
W. 

[0059] Referring to FIG. 5, an edge point 502 (Xi,yi) With 
estimated gradient orientation 0i votes for line ®=(p, 0) 504 
With p=X*cos 0+y*sin 0. The covariance matriX associated 
With such a vote is 

0120 U109 1 
2(9) = [ U109 0% 

[0060] With op2=k2oe2+op2 and ope=koe2 and k=ycos6— 
Xsin0. Because of the uncertainty associated With the vote 
®=(p, 0), the edge point 502 (X,y) votes not only in bin 
®=(p, 0) but also in the adjacent bins. The contribution of 
(X,y) to each bin in Hough space is equal to: 

[0061] Referring to FIG. 6, When all image edge points 
have voted in the Hough accumulator, local maXima of the 
Hough accumulator correspond to lines 602 in the image 
604. The Generalized Hough Transform applies a similar 
procedure to the eXtraction of circles, ellipses and other 
parametric curves from images. The Hough Transform Was 
originally designed to ?nd alignments of points (along lines, 
circles, ellipses or parametric curves). HoWever the tech 
nique can be applied to ?nd alignments of any type of 
features. The eXtraction of image edge points in the ?rst 
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phase of the Hough Transform is replace by the extraction of 
features from the image. The position and orientation of the 
features, and the associated uncertainties can then be fed to 
the Hough Transform similarly to the case of edge points. 

[0062] Background Modeling forms a central module in 
surveillance systems using Computer Vision to detect events 
of interest in a video stream. Current methods use only the 

intensity observed at a piXel. Such a model is reasonable 

When the background is stationary. HoWever, these methods 
deteriorate in discrimination poWer When the background is 
dynamic. 

[0063] A method according to an embodiment of the 
present invention accounts for dynamic backgrounds that 
change according to a certain pattern. 

[0064] Referring to FIG. 7, an input image 702 is entered 
into a system. Illumination Invariant transformation is per 

formed on the image 704, as Well as, an optical flow 
computation 706. A probability estimation for the current 
input is obtained using kernel density estimation 708. The 
probability is checked to determine if the probability is 
above a particular threshold 710, if it is above the threshold, 
a background model is updated using the kernel density 
estimation 712. If the probability is beloW the threshold 710, 
the background model is updated With loW probability 712 
and morphological operations 714 are used for output detec 
tion. The above process is noW described in detail. 

[0065] Once optical flow has been determined as 
described above, a probability distribution on the joint 5-D 
space of intensity (3 color components) and How (2 How 
components), can be constructed. Although the regular RGB 
space can be used, improved insensitivity to changes in 
illumination can be obtained if the normaliZed RG+intensity 
I space is used. The intensity is retained With a high variance 
so that some discriminability is retained betWeen observa 

tions that may have the same chromaticity (that is, normal 
iZed r and g values) but very different intensities (for 
eXample, White, grey and black all have the same chroma 
ticity). 

[0066] Given previous observations of intensity and 110W, 
the probability distribution can be developed in several 
Ways. A method according to an embodiment of the present 
invention comprises kernel density estimation. Let X1, X2, . 
. . , Xn be n observations determined to belong to a model. 

The probability density function can be non-parametrically 
estimated (knoWn as the ParZen WindoW estimate in pattern 
recognition) using the kernel function K as 

[0067] Choosing a kernel estimator function, K, to be the 
Normal function, Where 2 represents the kernel function 
bandWidth, then the density can be Written as 
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[0068] The combined covariance matriX n is derived from 
the covariances for the normaliZed color and optical flow. A 
general form for the covariance matriX can be derived, but 
for simplicity, the case Where the cross-covariance betWeen 
intensity and optical flow is Zero, is described. For the 
covariance of the intensity of color in invariant space, the 
formula described in Error Propagation in Invariant Space 
can be used. Assuming that the cross-covariance betWeen 
intensity and How is Zero, the combined covariance matriX 
can be Written as: 

[0069] Where O’s represent the appropriate Zero matrices. 
In the above formula, oi represents the standard deviation of 
the intensity and Af represents the covariance of the motion 
?oW. 

[0070] For each neW observation, the probability is cal 
culated using the above equations. If the probability is beloW 
a certain value, the piXel is neW. This is determined for each 
piXel in the scene and detection is performed after applying 
morphological operations so that noise is removed. Infor 
mation about the siZe of the objects is used so that only 
objects above a certain siZe are detected. This is done by not 
only using piXels connected to each other, but also by using 
those piXels that might not be connected but can otherWise 
belong to an object. 

[0071] Mixture Model-based and kernel-based methods 
use only the intensity feature to build a probability distri 
bution on the RGB (or normaliZed RGB) space. When using 
only the intensity feature, objects having colors similar to 
the background, cannot be detected. People camou?aged 
according to the color of the background can easily escape 
detection using this model. The problem becomes more 
severe if the background is dynamic, such as, ocean Waves, 
Waving trees, and moving clouds etc, and a Wide variety of 
intensities can be observed at a particular piXel. Having such 
a Wide spectrum in the observation means that the discrim 
inability of such a system Will be very loW and many objects 
Will not be detected. Using the How feature along With the 
intensity helps us to detect not only objects having a 
different color than the background, but also objects that 
might have the same color characteristics as background, but 
move in a direction that is different from the direction of 
motion of the background. The discriminability of such a 
system Will be retained even in the presence of dynamic 
backgrounds. 
[0072] The probability density function in joint spatial 
color domain Will noW be described. FolloWing color trans 
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formation from RGB to normalized rg space, each image 
pixel Z is characterized by a location x=(x1,x2)T and a color 
C=(C1,C2)T:(r,g)T. An input image of n pixels is represented 
as a collection of d=4-dimensional points Zi=(XiT,CiT)T With 
i=1 . . . n[2]. The 4-dimensional space constructed is called 

joint spatial-color domain. 

[0073] The task of image segmentation reduces to parti 
tioning of data points Z1 according to their probability 
density. The number of image segments is determined by the 
number of modes in the joint space, While segment delin 
eation is de?ned by the valleys that separate the modes. 

[0074] To estimate probability density in joint space, a 
product kernel With variable bandWidth for color coordinates 
is utiliZed. The rationale is that in normaliZed color space the 
uncertainty varies With the location, as illustrated above. It 
has been proven that by adapting the kernel bandWidth to the 
statistics of the data, the estimation bias decreases. The 
bandWidth matrix associated With the color component of 
data point i is denoted by Hi=diag{hi12,hi22}. Hi quanti?es the 
uncertainty of ci. The bandWidth for the spatial domain is 
taken constant and isotropic, that is, H=hI2 Where I2 is the 
unit matrix of dimension 2. 

[0075] The density estimator With normal kernel com 
puted at location Z=(xT,cT)T is given by 

[0077] is the Mahalanobis distance from c to c1. Asimilar 
de?nition holds for d2(x,xi,H). 

[0078] Using the notations 

(It-(X) = h—12exp[—%d2(x,x;, 11)] 

[0079] and 

,Bt-(c) = mexp[—%d2(c, q, 11)] 

[0080] the density estimator becomes 

1 

[0081] The variable bandWidth mean shift equations for 
mode detection are noW described. Additionally, computa 
tion of local modes, that is, peaks, of the density function are 
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noW described. Mode detection in joint space employs mean 
shift iterations for both x and c components of Z. By taking 
the gradient of 

A 1 n 

m) = mom-(c) 

[0082] With respect to x, it results that the mean 

[0083] shift vector for the x component is given by 

Z w.- (M; (ox. 
mx<z> = —x 

Z mom-(c) 
[:1 

[0084] The gradient of 

A 1 n 

m) = mom-(c) 

[0085] With respect to c yields a mean shift vector for the 
c component 

[0086] Where 

Hm = [Z momma-*1] [:1 

[0087] The above gradients With respect to x and c, 
provide the components of the joint mean shift vector 

[0088] The iterative computation of the above vector and 
translation of Z by that amount, leads to a local mode, that 
is, peak, of the density. Strictly speaking, the mean shift 
iterations lead to a stationary point. Additional precautions 
should be taken to make certain that the convergence point 
is a local maximum. 

[0089] The segmentation procedure is noW described. By 
estimating, the sensor noise 
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[0090] can be employed to compute the covariance matrix 
associated With the normalized color of each pixel. The 
components of the color bandWidth matrix Hi=diag{hi12, 
hizz} are taken proportionally to of and 0;, respectively. 
The mode estimation process is thus adapted to the local 
uncertainty in the data. In this implementation the contri 
bution of E[(f-r)(g-g)] is neglected. 

[0091] Using the algorithm described above, the modes in 
the joint space are ?rst detected. Since plateaus may appear 
in the density function, the modes that are suf?ciently closed 
to each other are grouped together and a label is assigned to 
each group. The metric for distance evaluation is based on 
the matrices H and HC(Z), computed in the convergence 
point. Region delineation is then obtained by associating 
each pixel to its mode and assigning the label of the group 
to Which the mode belongs to. 

[0092] Segmentation in normaliZed subspace is thus par 
ticularly advantageous When frames of a video sequence are 
knoWn to contain shadoWs or illumination effects. At the 
same time, a decrease in resolution occurs, for example the 
chair feet are not recovered in the normaliZed space. Addi 
tionally, the generality of the proposed framework is shoWn. 
Various embodiments according to the present invention can 
additionally be applied to other illumination or geometric 
invariants. 

[0093] Amethod according to the present invention can be 
used for object detection in a variety of scenes. The present 
invention can be used in applications, such as, traf?c moni 
toring, surveillance systems in the presence of moving 
backgrounds, for example, Waving trees, and ocean Waves, 
activity detection, automatic traf?c lights, monitoring in 
high security areas, and delineating people in a scene for 
detection. In many of these applications, the background 
might be dynamic and has be discounted. This is not possible 
With current prior art background adaptation methods. The 
present invention advantageously alloWs dealing With more 
complex scenes, and gets better results in scenes Where prior 
art methods are currently being used. 

[0094] The teachings of the present disclosure are prefer 
ably implemented as a combination of hardWare and soft 
Ware. Moreover, the softWare is preferably implemented as 
an application program tangibly embodied on a program 
storage unit. The application program may be uploaded to, 
and executed by, a machine comprising any suitable archi 
tecture. Preferably, the machine is implemented on a com 
puter platform having hardWare such as one or more Central 
Processing Units (“CPUs”), a Random Access Memory 
(“RAM”), and Input/Output (“I/O”) interfaces. The com 
puter platform may also include an operating system and 
micro instruction code. The various processes and functions 
described herein may be either part of the micro instruction 
code or part of the application program, or any combination 
thereof, Which may be executed by a CPU. In addition, 
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various other peripheral units may be connected to the 
computer platform such as an additional data storage unit 
and an output unit. 

[0095] It is to be further understood that, because some of 
the constituent system components and steps depicted in the 
accompanying draWings may be implemented in softWare, 
the actual connections betWeen the system components or 
the process function blocks may differ depending upon the 
manner in Which the present disclosure is programmed. 
Given the teachings herein, one of ordinary skill in the 
pertinent art Will be able to contemplate these and similar 
implementations or con?gurations of the present disclosure. 

[0096] Although illustrative embodiments have been 
described herein With reference to the accompanying draW 
ings, it is to be understood that the present disclosure is not 
limited to those precise embodiments, and that various 
changes and modi?cations may be effected therein by one of 
ordinary skill in the pertinent art Without departing from the 
scope or spirit of the present disclosure. All such changes 
and modi?cations are intended to be included Within the 
scope of the present disclosure as set forth in the appended 
claims. 

What is claimed is: 
1. A method for feature space analysis comprising the 

steps of: 

providing input data comprising at least one of a plurality 
of objects of interest and a background, to be analyZed 
from at least one of a plurality of domains; 

developing an uncertainty model of said input data in a 
feature space; and 

using variable bandWidth mean shift to detect said at least 
one of a plurality of objects of interest Within said 
feature space. 

2. The method of claim 1, Wherein said step of developing 
an uncertainty model includes deriving said uncertainty 
model through error propagation. 

3. The method of claim 1, Wherein said feature space 
includes joint spatial-color space. 

4. The method of claim 1, Wherein said feature space 
includes invariant space. 

5. The method of claim 1, Wherein said feature space 
includes parameter space. 

6. The method of claim 1, Wherein said feature space 
includes joint motion-color space. 

7. The method of claim 1, Wherein said at least one of a 
plurality of domains includes one or more of medical, 
surveillance, monitoring, automotive, inspection, and aug 
mented reality. 

8. The method of claim 1, Wherein said step of using 
variable bandWidth mean shift to detect said at least one of 
a plurality of objects of interest Within said feature space 
includes detecting an object represented by a peak in a 
Hough Transform. 

9. The method of claim 8, Wherein said step of using 
variable bandWidth mean shift to detect said at least one of 
a plurality of objects of interest Within said feature space 
further includes clustering said feature space for image 
segmentation. 
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10. Aprogram storage device readable by machine, tan 
gibly embodying a program of instructions executable by the 
machine to perform method steps for feature space analysis, 
the method steps comprising: 

providing input data comprising at least one of a plurality 
of objects of interest and a background, to be analyZed 
from at least one of a plurality of domains; 

developing an uncertainty model of said input data in a 
feature space; and 

using variable bandWidth mean shift to detect said at least 
one of a plurality of objects of interest Within said 
feature space. 

11. The program storage device of claim 10, Wherein said 
step of developing an uncertainty model includes deriving 
said uncertainty model through error propagation. 

12. The program storage device of claim 10, Wherein said 
feature space of said using variable bandWidth mean shift 
method step includes joint spatial-color space. 

13. The program storage device of claim 10, Wherein said 
feature space of said using variable bandWidth mean shift 
method step includes invariant space. 

14. The program storage device of claim 10, Wherein said 
feature space of said using variable bandWidth mean shift 
method step includes parameter space. 

15. The program storage device of claim 10, Wherein said 
feature space of said using variable bandWidth mean shift 
method step includes joint motion-color space. 

16. The program storage device of claim 10, Wherein said 
at least one of a plurality of domains of said providing input 
data method step includes one or more of medical, surveil 
lance, monitoring, automotive, inspection, and augmented 
reality. 

17. The program storage device of claim 10, Wherein said 
step of using variable bandWidth mean shift to detect said at 
least one of a plurality of objects of interest Within said 
feature space includes detecting an object represented by a 
peak in a Hough Transform. 

18. The program storage device of claim 17, Wherein said 
step of using variable bandWidth mean shift to detect said at 
least one of a plurality of objects of interest Within said 
feature space further includes clustering said feature space 
for image segmentation. 

19. A method for feature space analysis comprising the 
step of: 

modeling a background of an video image using uncer 
tainties and multiple features comprising one or more 
of color, texture, and motion. 
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20. The method of claim 19, Wherein said uncertainties 
include one or more of distance and probabilities. 

21. The method of claim 19, further comprising the step 
of analyZing a video frame and adding a vector of features 
to said background model. 

22. The method of claim 19, further comprising the step 
of analyZing a video frame and detecting a change by 
evaluating a vector of features and said background model. 

23. The method of claim 22, Wherein the step of analyZing 
a video frame and detecting a change by evaluating a vector 
of features and said background model includes determining 
if said vector of features exceeds a threshold and adjusting 
said background model accordingly. 

24. The method of claim 22, further comprising the step 
of applying morphological operations to said detections. 

25. A program storage device readable by machine, tan 
gibly embodying a program of instructions executable by the 
machine to perform method steps for feature space analysis, 
the method step comprising: 

modeling a background of an video image using uncer 
tainties and multiple features comprising one or more 

of color, texture, and motion. 
26. The program storage device of claim 25, Wherein said 

uncertainties of said modeling step includes one or more of 
distance and probabilities. 

27. The program storage device of claim 25, Wherein the 
method further comprises the step of analyZing a video 
frame and adding a vector of features to said background 
model. 

28. The program storage device of claim 25, Wherein the 
method further comprises the step of analyZing a video 
frame and detecting a change by evaluating a vector of 
features and said background model. 

29. The program storage device of claim 28, Wherein said 
step of analyZing a video frame and detecting a change by 
evaluating a vector of features and said background model 
includes determining if said vector of features exceeds a 
threshold and adjusting said background model accordingly. 

30. The program storage device of claim 28, Wherein the 
method further comprises the step of applying morphologi 
cal operations to said detections. 


